Studies of US intergenerational mobility focus almost exclusively on the transmission of (dis)advantage from parents to children. Until very recently, the influence of earlier generations could not be assessed even in long-running longitudinal studies such as the Panel Study of Income Dynamics (PSID). We directly link family lines across data spanning 1910 to 2013 and find a substantial "grandparent effect" for cohorts born since 1920, as well as some evidence of a "great-grandparent effect." Although these may be due to measurement error, we conclude that estimates from only two generations of data understate persistence by about 20 percent. 
I. Introduction
Research since the mid-1970s on rising inequality in the US (e.g. Piketty and Saez 2014) has been accompanied by increased attention from economists on a related topic of long-standing interest among sociologists, equality of opportunity and intergenerational mobility, generally measured as the correlation across generations within family lines in economic and social status. Though research on intergenerational mobility has advanced dramatically over the past two decades, with a proliferation of methodological improvements (Solon 1992; Mazumder 2005) , data sources (Hendren et al. 2014; Feigenbaum 2015a; Feigenbaum 2015b; 2 Hilger 2016; Clark et al. 2015; Grusky et al. 2015) , and international comparisons (Björklund and Jäntti 1997; Solon 2002; Bourdieu, Ferrie, and Kesztenbaum 2009; Long and Ferrie 2013) , this work has focused almost exclusively on the transmission of (dis)advantage from parents to their children. The influence of grandparents and earlier generations, if addressed at all, is inferred through iteration of the parental influence, a procedure that is unsatisfying in a number of respects (Stuhler 2012 ).
The focus on just parents and children has been primarily due to practical considerations: few longitudinal studies have been running long enough to capture the experiences of three or more generations through adulthood in the same family lines. Yet there are several reasons why we might expect that grandparents would matter. Mare (2011) describes several channels through which generations prior to parents could have an impact on children's outcomes, including inheritance of financial assets, inheritance of social networks, and the direct effects that personal contact between grandparents and their grandchildren could have in a society where increasing longevity means their lives will increasingly overlap.
The inability to assess a "grandparent effect" also shapes how we view, in a purely statistical sense, the parent-child transmission process. As Solon (1992) notes, an intergenerational correlation will be biased downward by measurement error in the parent generation. However, information on grandparents can reduce the impact of this downward bias, even if we are only interested in parent-child transmission (Solon 2014) .
Finally, the presence of a grandparent effect has been detected in many of the places where it has been possible to look for it: rural China (Zeng and Xie 2014), Sweden (Lindahl et al. 2015) , Britain (Chan and Boliver 2013) , Germany (Hertel and Groh-Samberg 2014) , Chile (Celhay and Gallegos 2015) , Denmark (Boserup et al. 2013 ) and even the pre-WWII US (Olivetti et al. 2014, Long and Ferrie 3 2012) . In fact, one of the few places where such an effect has not been consistently observed is the modern US. Warren and Hauser (1997) , using the Wisconsin Longitudinal Study, found no independent grandparent effect, though Mare (2011, p. 16) warns that "mid-twentieth century Wisconsin families may be a population in which multigenerational effects are unusually weak." One paper using the Panel Study of Income Dynamics (PSID) has found a grandparent effect (Hertel and Groh-Samberg 2014) , but neither Hodge (1965) , Behrman and Taubman (1985) , nor Peters (1992) found one.
We contribute to the research on multigenerational mobility in several ways.
We link family lines from the 1910, 1920, and 1940 The structure of our data also allows us to examine change over time in the two-generation parent-child transmission of (dis)advantage. In Ferrie, Massey, and Rothbaum (2016) , we show that mobility in educational attainment has fluctuated across cohorts born since 1895: mobility fell as access to high schools expanded in the early twentieth century, then rose quickly and fell as the GI Bill expanded access to post-secondary education following World War Two. 2
There is now a substantial literature on the challenges in estimating intergenerational income elasticities with noisy data on parents' and/or children's incomes. See Mazumder (2015) . possible to assess differences in the effects of male and female ancestors as well as differences in outcomes for males and females. 3 Although we find a grandparent effect in our regressions, we find strong evidence that it is due to measurement error. All of our multigenerational coefficients for grandparents and great-grandparents are consistent with an AR (1) process of intergenerational mobility of education measured with error. We find that estimates of intergenerational mobility of education using two generations of data nonetheless underestimate persistence by approximately 20 percent. As discussed in Solon (2015) , there are multiple possible interpretations of a grandparent effect. Although our results suggest measurement error, we also assess the long-term persistence implied if we assumed the effect were causal, and mobility followed an AR(2) process. We find that the magnitude of the underestimate of long-term persistence is the same whether the grandparent effect is causal or due to measurement error.
II. Data
Constructing Family Dynasties.-To create a four-generation sample that spans the twentieth century, we use the complete count 1910 , 1920 , and 1940 Censuses, the 1973 , 1979 , and 1981 -1990 The baseline estimates in this paper include all children, regardless of gender, race, or place of birth. In the appendix (Appendix Table 3 ), we include a table showing separate results by the gender of children and their ancestorst.
5
we capitalize as proper nouns, refer to the data source and general age cohorts of the adults in each sample.
We employ Person Identification Keys (PIKs), assigned by the Census Bureau, to link individuals across data sources from 1940 forward. PIKs are assigned by a probabilistic matching algorithm that compares characteristics of records in census and survey data to characteristics of records in a reference file constructed from the Social Security Administration (SSA) Numerical Identification System (or Numident) as well as other federal administrative data. These characteristics may include Social Security Number (SSN), full name, date of birth, address, place of birth, and parents' names depending on the information available in the census or survey. 4 The PIK uniquely identifies a particular person and is consistent for that person over time. The PIK thus allows us to link individuals across data sources.
The figure shows the process by which links are created; each box represents a single household. We begin with a sample of both male and female children assigned PIKs in the 1940 Census. We observe these children living with their parents in 1940, creating the parent-child link between the Grandparent and Parent generations (1). We then search for the Parent generation's PIKs in the 1973 , 1979 , and 1981 -1990 . (Arias 2015) . Consequently, most of the adults we observe in the GreatGrandparent generation from the 1920 Census were expected to live until 1940, but survival to 1940 would have been much lower for those 50 years and older in 1910. If higher-educated individuals tend to have higher levels of education attainment (Lleras-Muney 2005) , the necessity for the Great-Grandparents to survive from 1910 to 1940 may bias our results. In Figure 1 , we plot reported education by year of birth and by decennial census. We also include the combined 1910 -1940 and 1920 -1940 linked samples (denoted as 1910 -1940 . If higher-educated individuals live longer, we would expect to see higher average education lines for those born in earlier years and survived to the later censuses. This figure shows that 1960 and 1940 lie right on top of each other, as do the 1950 and 1970 censuses. This suggests the relationship between education and survival is small during this time period. 7
Results restricted to children in the Parent generation for whom at least one grandparent in the Great-grandparent generation is observed are shown in Appendix Table 1 Measurement error in reported income is a well-documented problem in intergenerational analyses (Mazumder 2005 , Nybom and Stuhler 2016 , Haider and Solon 2006 , Böhlmark and Lindquist 2006 , Grawe 2006 . In the absence of multiple observations of income or administrative earnings data, education attainment may provide mobility estimates less biased by measurement error. Unlike data sources used in other educational mobility studies, we can compare education of the same individual reported at two points in time to test whether this assumption holds.
We have data on education attainment from three time periods : 1940, 1973-1990, and 2000-2013 . Through record linkage, we observe education attainment at two points at time for a large number of individuals from the Grandparent, Parent, and Child generations. This allows us to examine whether education reporting in 1940 was measured with significantly greater error relative to later years and to assess differences in education reporting over time more generally. The top row of Figure 2 shows the distribution of the difference between reported years of schooling at time ! + # and time !. For each linked sample, the difference in reported years of schooling appears tightly centered around zero.
The lower row of figures shows the average difference between reported years of schooling (education at ! + # minus education at !) for each grade level at time ! plotted against the distribution of years of schooling at time !. This line shows that differences in reported education are greatest for those with the least education. However, only a small portion of the education distribution falls within the lowest levels of education attainment. For the majority of grade levels, the difference in reported years of schooling between time ! and ! + # is within one year. To more formally test whether the descrepancies in reported education across surveys behave non-classically, we regress education at time ! + # on education at time ! and several interaction terms to account for age, sex, race, and socioeconomic status. Table 1 reports the regression of education attainment at time ! + # on education attainment at time !. The bivariate regressions in Columns 4, 6, and 8 reveal high levels of correlation between reported education at time ! and ! + #.
8 Goldin (1998) and Goldin and Katz (2000) argue that educational attainment in 1940 may be reported with error due to non-standardized education systems within and across states, the eventual standardization of middle school and high school that occurred from 1910 to 1940, and potential misunderstandings about answering the education attainment questions for the first time in a census. 9
We require that 6 years pass between the first observation of education attainment and the second observation of education attainment for the 2000-2013 linked samples. Differences between reported education across surveys may result from proxy response, errors in recall, differences in questionnaire design over time, respondents acquiring more education as adults, or general confusion over how to respond. It is impossible to disentangle the sources of error and each dataset may be affected by one source of error more than another. The 1940 Census, for instance, was the first census to collect education information and asked for the "highest grade of school completed."
10 The convention of "common" schools (e.g., grammar school instead of graded schools) may result in misreported completion of secondary school as respondents may not have known how to correctly translate their own education experiences into grade numbers (Goldin and Katz 2000) . 11 The vast expansion and standardization of education in the US between 1910 and 1940 may improve our measure of education attainment for young adults observed in 1940 (Goldin 1998 ), but our linked data show that, even within the Grandparent generation (born between 1885 and 1918), there is inaccurate reporting despite standardization of the education system.
Our results in Table 1 Respondents who never attended school or whose highest year of schooling was from 1-8 had that number reported, those who attended high school had their highest high school grade reported preceded by the letter "H" (so a respondent who attended high school only through sophomore year was recorded as "H2"), and those who attended post-secondary school had their highest post-secondary grade reported preceded by the letter "C" (so a respondent who attended college only through junior year was recorded as "C3"). The highest grade reported was "C5" for respondents who attained any years of schooling following four years in college.
11 The enumerator instructions provided some guidance: "For a person who completed his [sic] formal education in an ungraded school or a foreign country, enter the approximate equivalent grade in the American school system, or, if this cannot readily be determined, the number of years the persons attended school." Age, Education, and Sample Selection.-Inclusion into the linked samples requires observing a parent and child living together and successfully linking that child to their adult observation in another data source. If we are more likely to link certain types of records, these requirements may bias the sample. We show the summary statistics for our two three-generation samples in Tables 2 and 3 . In both cases, there are statistically significant differences between the full samples of adults in the surveys and those selected into our baseline regression samples that results from our ability to match across generations. For example, in Table 3 , individuals in the regression sample in the Child generation are more likely to have a college degree and less likely to not have completed high school. However, given the changes in the US population over the period, especially from immigration, it is 13 not clear that large differences between the regression and full samples are a concern. What we would like is a counterfactual full sample of children whose grandparents resided in the US, which is not available.
Instead, we focus on the differences between the regression and full samples at the Grandparent generation, as in both cases inclusion in the regression is conditional on matching between at least the Parent and Grandparent generations.
In the Great-grandparent-Grandparent-Parent generation sample in Table 2 we see that 1940 individuals in the regression sample are younger on average by 3.5 years than the full sample. This is likely because we are conditioning on matching with their children observed as late as in the 1990 CPS, 50 years later. However, the educational attainment numbers differ only slightly between the samples.
Taking the difference between the regression and full samples, age is statistically significant different (-3.5 years), as are years of schooling (0.37 years), share with some college education (-0.3 percentage points), and share with a graduate degree (0.2 percentage points). There are also statistically significant differences between the full and regression samples of the Parent generation. However, as before we do not observe the counterfactual Parent generation whose parents (Grandparent generation) resided in the US in 1940.
We see the same pattern in the Grandparent generation in the GrandparentParent-Child generation sample in Table 3 . Comparing the regression and full samples, we find statistically significant differences of comparable magnitudes as above: age (-3.7 years), years of schooling (0.44 years), and the share with less than high school education (-2.2 percentage points), high school education (1.1 percentage point), some college education (-0.3 percentage points), and graduate education (0.2 percentage points).
Tables 2-3 suggest a small degree of sample selection. However, education attainment is similar across the full and regression samples for the oldest generation in each intergenerational and multigenerational sample, which is the 14 only generation for which we observe the counterfactual population. We further examine sample selection in the Results section.
III. Empirical Specification
We regress the years of schooling of the child on the highest observed years of schooling in each ancestor generation, which can include parents, grandparents, and great-grandparents. 12 In each case, we include fixed effects for the survey year that each generation is observed, $ % (for ! ∈ 1973, … , 2013), 13 along with age and age-squared terms for the child and age and age-squared of the parent in each generation, / 0 . 14 To measure mobility across three generations, we regress the child's years of schooling on the maximum observed years of schooling for both the child's parents, 1 − 1, and grandparents, 1 − 2:
(1) 3 04 = 6 + 7 8 3 0498 + 7 : 3 049: + α/ 0 + $ % + < 498,49: + = 04 .
As the number of observed grandparents varies across children, we also include fixed effects for whether we observe each of the four possible grandparents, < 498,49: . This controls for differences in the grandparent-child relationship that may differ across grandparents. For example, the years of schooling of the maternal grandmother may be more or less correlated with child education than the years of schooling of the paternal grandfather. We do the same for our fourgeneration sample, with fixed effects for each of the eight possible greatgrandparents:
12 In Appendix Table 3 , we also show results using different measures of education in the prior generation (e.g. average education, the education of each ancestor observed). Our choice of measure does not change the results we present. 13 This is only relevant for the parent and child generations, which are observed across multiple surveys. 14 The age terms are included to capture any education increases that may occur in adulthood as well as differences across cohorts in education.
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(2) 3 04 = 6 + 7 8 3 0498 + 7 : 3 049: + 7 ? 3 049? + α/ 0 + $ % + < 498,49:,49? + = 04 .
In all the regressions, for each child generation 1, the errors are clustered at the 1 − 1 generation level. We require the child to be at least 25 years old when observed as an adult and the highest-educated spouse in each ancestor generation must be between 25 and 55 years old when they are observed as adults in the prior generations' survey.
We also report correlation coefficients for each regression. To disentangle changes in the correlation from changes in the variance, we normalize years of schooling to have mean 0 and variance of 1 in each generation such that the correlation regression coefficient 7 8 = @.
IV. Results
Multigenerational Mobility of Education.-Our data allows us to compare multigenerational mobility across two three-generation samples. With three generations, we can determine whether grandparent education predicts child education conditional on parent outcomes, which we call a grandparent effect.
Before we move to the third generation and consideration of the extent to which ignoring it biases our perceptions of mobility, we present baseline results on twogeneration mobility in Table 4 . There are five other sources to which these two-generation results can be compared: (1) Couch and Dunn (1997) There are two shortcomings in all the work to which we have just compared our two-generation results: (1) they cannot account for measurement error; and (2) they cannot account for the effect of generations prior to the parents. We have already shown (Table 1 ) that educational attainment is reported with error. We now turn to three-generation mobility and report the grandparent-parent-child regression and correlation coefficients in Panels A and B of Table 5 . The grandparent coefficient is statistically significant in both samples for both the 15 Hilger (2016) examines individuals age 26-29 and still co-resident with their parents (with adjustment for the experience of their non-co-resident siblings). The ISSP, OCG73, and GSS asked respondents at the time they were surveyed to report both their own education and the education of their parents. The comparison study closest in design to ours is the PSID which actually recorded parents' education when their children were young and then recorded the education of those children when they were themselves adults. regression and correlation coefficients. In other words, conditional on parent education, grandparents matter in predicting the educational outcomes of children.
We add great-grandparents to our three-generation sample to create a fourgeneration sample spanning data 1910-2013 and individuals born between 1885 and 1988. In our sample of 10,890 children with matched parents and grandparents, we are able to match 1,444 to at least one of their eight possible great-grandparents. We test if great-grandparent education is associated with child education, conditional on parent and grandparent education, shown in Table 5 , as well. We do not find a statistically significant relationship between education of the Great-grandparent and Child when controlling for both the Grandparent and Parent.
These results suggest grandparents directly influence their grandchildren beyond their indirect effect through the parents while great-grandparents have no discernable effect. Several studies also find independent grandparent effects in non-US countries using a variety of mobility measures (Lindahl et al. 2015; Zeng and Xie 2014; Hertel and Groh-Samberg 2014; Chan and Boliver 2013; Boserup et al. 2013) , though the influence of grandparents is generally larger outside the US. These findings imply that an AR(1) process does not fully describe mobility in the twentieth century and undermine conclusions drawn about multigenerational mobility from two-generation samples. However, it is important to emphasize that the grandparent relationship may not be causal and could spuriously arise as a result of measurement error, omitted group effects, cultural inheritance, or other unobserved factors (Solon 2015) . Using linked data, we can explore how measurement error affects our estimates.
Mobility and Measurement Error.-Using our linked individual data, we find evidence of plausibly classical measurement error in Table 1 . To examine the potential effects of this error on our estimates, we generate a counterfactual 18 scenario where educational mobility follows an AR(1) process with classical measurement error consistent with the reporting discrepancies found in Table 1 and that yields the mobility correlations we found in Table 4 . We then compare what we would observe under this counterfactual to our multigenerational mobility results shown in Table 5 .
Under classical measurement error, the observed regression coefficient is attenuated by the magnitude of the variance of the measurement error (I) relative to the variance of the true underlying independent variable (J * ), or:
If we assume education for the same individual in two surveys are both observed with error, the regression of one observation on the other is:
(5) J 0%L8 * + I 0%L8 = 7 J 0% * + I 0% + R 0%L8 .
If S I 0% , I 0%L8 = 0, then 7 from this regression identifies T U : /T D * : because the true 7 from a regression of a variable on itself is 1.
16
The results of our measurement error counterfactual are shown in Table 6 . 17 We show the observed three-generation regression coefficients compared to what we would observe under the AR(1) measurement error counterfactual. In no cases are the simulated estimates outside the 95 percent confidence intervals of the 16 Or approximately 1 in this case, as individuals could gain education as they age. We assume that this change is small, as evidenced by the differences in reported education across observations for the same individuals shown in Table 1 . The assumption that S I 0% , I 0%L8 = 0 is a strong one. Alternatively, we could model misreporting as I 0% = V 0 + W 0% where V 0 is the persistent misreporting of education of individual X and W 0% is the transitory measurement error in survey year !. In this case, we would be estimating T Y : /T D * LZ : from a regression of J 0%L8 * + V 0 on J 0% * + V 0 + W 0% . The possibility of persistent education misreporting is an interesting research question that unfortunately cannot be answered in the absence of a benchmark data source on educational attainment. 17
We assume the 1940-CPS measurement error estimates are also valid for the Grandparent generation as few individuals in the Great-grandparent generation with children in 1910 or 1920 would be observed in the CPS in 1973 or later. In the simulation shown, we assume the same measurement error in the Great-grandparent generation as we observe in the Grandparent, as both have their education observed in the 1940 census. We will discuss additional assumptions at the end of this section. observed estimates. Therefore, the grandparent effect we observe in our multigenerational mobility regressions is consistent with the classical measurement error we observe when comparing individual responses across surveys. We interpret these results as very strong evidence that classical measurement error is present in education. The grandparent effect we observe in both three-generation samples either does not exist or is too small for us to distinguish from measurement error.
However, we also test how long-term persistence would be understated under an alternative mechanism. Assuming the grandparent effect is causal, we estimate how the grandparent coefficient affects our understanding of intergenerational mobility over the long term under an AR(2) model. We calculate the AR (1) parameter that exhibits the same convergence over many generations as the AR (2) parameters estimated in Table 5 Therefore, in terms of the underestimate of long-term persistence, it does not matter whether the observed grandparent effect is due to measurement error or from a causal AR(2) model. In each case, the true long-term persistence is underestimated by approximately 20 percent when estimated from two generations of data. We also simulated the four-generation regression under an AR(1) process. Again, we find no statistically significant difference between our observed regression results in Table 5 and our measurement error estimates.
Selection into the Multigenerational Samples.-We also indirectly test for nonrandom selection into the regression samples by comparing the two-generation regression coefficients from the three-generation samples to those estimated from the two-generation samples in Ferrie, Massey, and Rothbaum (2016) . The assumption is that if selection into the matched regression sample is biasing our results, that bias should be more severe when conditioning on selection into a sample of three generations rather than two. We formally test the different regression and correlation coefficients in Table 7 .
Models (1) and (2) match Panels A-C above comparing mobility from the Great-
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A three-generation Grandparent to Child sample is equivalent to the four-generation Great-grandparent to Child sample as inclusion in the four-generation sample does not require a successful match to the Great-grandparent generation. For the same reason, the three-generation Great-grandparent to Parent sample is equivalent to a two-generation Grandparent to Parent sample. grandparent to Grandparent generations, and neither the regression nor the correlation coefficients are statistically significantly different from each other. Models (3) and (4) make the comparison of Panels D and E above from the Grandparent to Parent generations, again with no statistically significant differences. Models (5) and (6) make the comparison of Panels F and G above from the Parent to Child generations. In this case, the regression coefficients, but not the correlation coefficients, are statistically different.
We interpret the difference in summary stats between our regression and full samples in Tables 2-3 as evidence of some selection into our regression samples.
However, the bias seems relatively small when comparing the regression results in Table 7 , which should be differentially affected by selection into the two-vs.
three-generation samples.
V. Conclusion
As inequality in the US continues to increase, so does the importance of pinpointing its roots. An important factor underlying inequality is its persistence across generations. Much work by economists and sociologists examines the persistence of social status across two generations from parent to child. We extended this two-generational focus to include an analysis of educational mobility across three and four generations of families in the US.
We examined multigenerational mobility in educational attainment by linking families across multiple data sources. These sources include the 1910 Census, the Our multigenerational analysis found a small, statistically significant grandparent effect and no evidence of a great-grandparent effect. Even a small 22 independent grandparent-grandchild relationship can result in considerably slower convergence to the mean over the long-term for individuals from advantaged or disadvantaged educational backgrounds than is indicated by intergenerational education regressions with only two generations. This finding was robust to inclusion of multiple grandparents and both parents, as well as for matriarchal and patriarchal lines followed and analyzed separately. However, measurement error may spuriously cause positive coefficients on grandparent education.
Unlike other educational mobility research, we were able to evaluate measurement error in reported educational attainment in each generation. We found that many individuals do not consistently report education across surveys and that inconsistent reporting was greatest for our earliest source of education data, the 1940 Census. We further showed that misreported educational attainment -in the magnitudes we found -could explain the positive grandparent effect. This finding suggests that the literature's focus on parent-child transmission is valid when studying mobility of education in the US. However, the same measurement error that spuriously caused a positive grandparent effect also results in two-generation estimates that underestimate persistence by 20 percent. This underestimate is of a similar magnitude whether the grandparent effect we find in our three generation is due to measurement error or is a true causal effect. Notes: Standard deviations shown in parentheses. Summary statistics are shown for the full survey sample and, where available, the sample of those born in the US. The regression sample was constructed by conditioning on the match in the Grandparent and Parent generations, in effect creating a two-generation sample. Afterwards, any available data on Great-grandparents was added, but the existence of the Great-grandparent link was not required for inclusion in the data. The full sample includes all adults between the ages of 25 and 55 when observed in the survey.
Source: Linked 1910 /1920 Census, 1940 Census, 1973 , 1979 , 1981 -1990 Current Population Survey Annual Social and Economic Supplements, 2000 Long Form Census, and 2001 American Community Survey data. Notes: Standard deviations shown in parentheses. The regression sample was constructed by conditioning on the match in the Grandparent, Parent, and Child generations, in effect creating a three-generation sample. Afterwards, any available data on Great-grandparents was added, but the existence of the Greatgrandparent link was not required for inclusion in the data. The full sample includes all adults between the ages of 25 and 55 when observed in the survey. Summary statistics are shown for the full survey sample and, where available, the sample of those born in the US.
Source: Linked 1910 /1920 Census, 1940 Census, 1973 , 1979 , 1981 -1990 Current Population Survey Annual Social and Economic Supplements, 2000 Long Form Census, and 2001 American Community Survey data. Notes: Each regression reports the coefficient of years of schooling of the child regressed on years of schooling for the most educated parent regressed. Errors are clustered at the parent family level. For the parent and child generations, each regression includes dummies for the year of the survey. To be included in the regression, the child must be between 25 and 55 years old and the oldest parent must be between 25 and 55 years old. Each regression also includes age and age-squared terms for all generations to account the differences in ages for the observed parents and children and any increases in education achieved as adults. Panel B shows the results for the same regressions in Panel A where each education variable has been normalized to have a mean of 0 and a standard deviation of 1. This allows us to account for the increase in the variance of education over time. : Linked 1910 /1920 Census, 1940 Census, 1973 , 1979 , 1981 -1990 Current Population Survey Annual Social and Economic Supplements, 2000 Long Form Census, and 2001 American Community Survey data. 1973,79, 81-90 1973,79, 81-90 1973,79, 81-90 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 1973,79, 81-90 1973,79, 81-90 1973,79, 81-90 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001- 
Source

B. Correlation Coefficients
Notes: Each regression reports the coefficient of years of schooling for the most educated observed ancestors (parent, grandparent, and great-grandparent, when relevant) regressed on the years of schooling of their child. Errors are clustered at the parent family level. The great-grandparent generation sample is from the 1910 and 1920 Censuses linked to the 1940 Census with age data from 1910/1920 and education data from 1940. For the parent and child generations, each regression includes dummies for the year of the survey. We also include dummies whether a match exists for each specific ancestor to account for the presence of more ancestors for some individuals compared to others. To be included in the regression, the child must be between 25 and 55 years old and the oldest parent and grandparent must be between 25 and 55 years old. Each regression also includes age and age-squared terms for all generations to account the differences in ages for the observed parents and children and any increases in education achieved as adults. Because the match rate is lowest in the 1910/1920 Census, we include all parents and grandparents from our two-generation sample and add any information on the great-grandparents with dummies for the presence of each of the four possible individuals. Panel B shows the results for the same regressions in Panel A where each education variable has been normalized to have a mean of 0 and a standard deviation of 1. This allows us to account for the increase in the variance of education over time. Great-Grandparent 1910 , 1920 1973 ,79,81-90 Great-Grandparent Grandparent 1910 , 1920 1940 1940 1973 1940 1973,79,81-90 Notes: This table reports the result of a counterfactual estimate of intergenerational and multigenerational mobility under measurement error. We assume that intergenerational mobility follows an AR(1) process. We also assume our two-generation estimates from Table 4 (shown in Panel A as Observed in each regression) are attenuated according to our measurement error estimates in Table 1 to get the "True" coefficient estimates in Panel A. The counterfactual three-and four-generation regressions are simulated under the AR(1) process with measurement error. In Panel B, we report the results observed in our three-generation regressions from Table as Observed and the results from our measurement error counterfactual simulation as Simulated. In Panel C, we do the same for our four-generation regression results from Table 5 . Standard errors are reported in parentheses. The counterfactual standard errors are calculated using a bootstrap by sampling from the measurement error and intergenerational education mobility coefficient distributions using the standard errors reported in Table 1 and Table 4 . None of the simulated values in Panels B and C lie outside of the 95 percent confidence intervals of the observed values.
Source: Linked 1910 /1920 Census, 1940 Census, 1973 , 1979 , 1981 -1990 Current Population Survey Annual Social and Economic Supplements, 2000 Long Form Census, and 2001 American Community Survey data.
-0.001 1940 1940 1973, 79, 81-90 1973, 79, 81-90 2001-2013 2001-2013 In this table, we compare the two-generation regression coefficients for our three-generation samples compared to the larger two-generation samples. Each regression reports the coefficient of years of schooling for the most educated parent regressed on the years of schooling of their child. Errors are clustered at the parent family level. For the parent and child generations, each regression includes dummies for the year of the survey. To be included in the regression, the child must be between 25 and 55 years old and the oldest parent must be between 25 and 55 years old. Each regression also includes age and age-squared terms for all generations to account the differences in ages for the observed parents and children and any increases in education achieved as adults. Panel B shows the results for the same regressions in Panel A where each education variable has been normalized to have a mean of 0 and a standard deviation of 1. This allows us to account for the increase in the variance of education over time. Source: Linked 1910 /1920 Census, 1940 Census, 1973 , 1979 , 1981 -1990 Current Population Survey Annual Social and Economic Supplements, 2000 Long Form Census, and 2001 American Community Survey data. Source: Linked 1910 /1920 Census, 1940 Census, 1973 , 1979 , 1981 -1990 Current Population Survey Annual Social and Economic Supplements, 2000 Long Form Census, and 2001 American Community Survey data. 
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The PVS assigns potential matches a total score depending on the similarity of the characteristics of the input records and reference file records. PVS employs a string comparator program to measure Jaro-Winkler distances between first and last names (Winkler, 1995) .
21
These distances serve as a metric of how closely two names match, while allowing for some degree of misspelling. For numeric variables, such as year of birth, a maximum acceptable difference between the variable value in the input and reference record is dictated by the researchers, but is typically no more than 2 years. This also allows for creation of an interval, or band, around year of birth to permit inexact matches. The total score is calculated as the sum of the agreement and disagreement weights attributed to each matching variable (Felligi and Sunter, 1969 ).
The PVS identifies potential matches within each blocking strategy, or module, retaining only those with an overall score greater than a user-specified cutoff score as potential matches. Input records that do not receive a match in one module move to the next specified module. Once the input data has been processed through all passes of a module, with each pass having more refined blocking schemes, 22 potential matches are grouped into one file and sorted by person and by score.
The final step of a module evaluates the potential matches. The matches with the highest scores are processed using a decision rule to determine if the PVS will assign the PIK. If one potential match has a higher score than all the other potential matches for a particular input record, then the PIK associated with that reference record is assigned to that input observation. If there are multiple potential matches for a particular input observation with the same high score, then no PIK is assigned in that module. Records that fail to find a match in a module are passed along to the next module.
The PVS includes several modules that employ various blocking schemes. These include the Verification module, which blocks on SSN, the Geosearch module, which blocks by the first three digits of a zip code, the Namesearch module, which blocks on the first letter of first and last name, the Date of Birth module, which blocks on month and day of birth, the ZIP3 Adjacency 21
The PVS string comparator was developed by Winkler (1995) and measures the distance between two strings on a scale from 0 to 900, where a distance score of 0 is given if there is no similarity between two text strings and a score of 900 is given for an exact match. The cutoff value for the string distance is set to 750. 22
The first pass, for example, might be the most restrictive and require name and date of birth match exactly. The next pass may only require the first few letters of the first and last name match. To fill in the gap between 1940 and 2000, we produced PIKed versions of the 1973, 1979, and the 1981-1990 CPS. We employed multiple techniques to PIK this data. For 1973 For , 1979 For , and 1981 For -1985 data, we used probabilistic matching techniques to assign PIKs using SSN, first name, middle initial, last name, age (or full date of birth if available), and sex. We observed SSN for a large number of observations over the age of 15. For children, we also used parents' first names in the PIKing algorithm. We used two blocking procedures: one blocking on age and one blocking on first and last name initials.
The 1986-1990 CPS did not contain first or last name. To PIK this data, we merged the CPS to the Numident using SSN. If sex and age agreed, we assigned the PIK associated with that SSN.
We were able to PIK 99.5 percent of the 248,670 respondents who provided a SSN (out of 386,630 total respondents). Because we do not observe SSN for children under the age of 15, we took additional steps to increase the number of parent-child associations possible from the CPS.
After PIKing adults who provided an SSN, we used the PIKs to append first and last name from the Numident to the 1986-1990 CPS. We then took these appended these names to observations of their children, allowing us to PIK children using age, sex, and parents' first and last names. 1973,79, 81-90 1973,79, 81-90 1973,79, 81-90 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001- 1973,79, 81-90 1973,79, 81-90 1973,79, 81-90 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001-2013 2001- Notes: Each regression reports the coefficient of years of schooling of the child regressed on the years of schooling for the most educated observed ancestors (parent and grandparent and great-grandparent, when relevant).
APPENDIX
Errors are clustered at the parent family level. The great-grandparent generation sample is from the 1910 and 1920 Censuses linked to the 1940 Census with age data from 1910/1920 and education data from 1940. For the parent and child generations, each regression includes dummies for the year of the survey. We also include dummies whether a match exists for each specific ancestor to account for the presence of more ancestors for some individuals compared to others. To be included in the regression, the child must be between 25 and 55 years old and the oldest parent and grandparent must be between 25 and 55 years old. Each regression also includes age and age-squared terms for all generations to account the differences in ages for the observed parents and children and any increases in education achieved as adults. Because the match rate is lowest in the 1910/1920 Census, we include all parents and grandparents from our two-generation sample and add any information on the great-grandparents with dummies for the presence of each of the four possible individuals. Panel B shows the results for the same regressions in Panel A where each education variable has been normalized to have a mean of 0 and a standard deviation of 1. This is allows us to account for the increase in the variance of education over time. This differs from Table 5 in that all regressions that include the Great-Grandparent generation include only those in the subsequent generation with an observed ancestor in the Great-Grandparent generation. Notes: Each regression reports the coefficient of years of schooling for the most educated observed ancestors (parent and grandparent) regressed on the years of schooling of their child. Column (1) includes the full sample of children regressed on the most educated ancestor in each generation. Columns (2) and (3) include sons and daughters respectively regressed against the most educated ancestors in each generation. Column (4) shows a regression of sons' years of schooling on the years of schooling of their fathers and paternal grandfathers. Column (5) shows a regression of daughters' years of schooling on the years of schooling of their mothers and maternal grandmothers. Column (6) uses mean ancestor education in each generation instead of maximum in the regression. Column (7) reports the coefficients on the most educated ancestor when all individual ancestor years of schooling is also included. Column (8) includes both mean and max education in each ancestor generation, with the coefficient on the most educated ancestor reported. In column (8), The corresponding coefficients in B. for mean education are 0.15*** for parents and -0.80 for grandparents. Errors are clustered at the parent family level. For the parent and child generations, each regression includes dummies for the year of the survey. We also include dummies whether a match exists for each specific ancestor to account for the presence of more ancestors for some individuals compared to others. To be included in the regression, the child must be between 25 and 55 years old and the oldest parent and grandparent must be between 25 and 55 years old. Each regression also includes age and age-squared terms for all generations to account the differences in ages for the observed parents and children and any increases in education achieved as adults. Panel B shows the results for the same regressions in Panel A where each education variable has been normalized to have a mean of 0 and a standard deviation of 1. This allows us to account for the increase in the variance of education over time.
